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ImmunoprotectionExploitation of recombinant DNA and sequencing technologies has led to a new concept in vaccination in
which isolated epitopes, capable of stimulating a speciﬁc immune response, have been identiﬁed and
used to achieve advanced vaccine formulations; replacing those constituted by whole pathogen-formu-
lations. In this context, bioinformatics approaches play a critical role on analyzing multiple genomes to
select the protective epitopes in silico. It is conceived that cocktails of deﬁned epitopes or chimeric pro-
tein arrangements, including the target epitopes, may provide a rationale design capable to elicit conve-
nient humoral or cellular immune responses. This review presents a comprehensive compilation of the
most advantageous online immunological software and searchable, in order to facilitate the design and
development of vaccines. An outlook on how these tools are supporting vaccine development is pre-
sented. HIV and inﬂuenza have been taken as examples of promising developments on vaccination
against hypervariable viruses. Perspectives in this ﬁeld are also envisioned.
 2014 Elsevier Inc. All rights reserved.1. Introduction
Exploitation of vaccination as a tool in ﬁghting wide spread dis-
eases has resulted in substantial strides in the combat against
many infectious diseases such as inﬂuenza, smallpox, varicella,
pertussis, diphtheria, tetanus, polio, hepatitis, and rotavirus [1,2].
The conventional vaccines, which include attenuated or killed
agents, might take up to 15 years of development; this includes
cultivation of the desired microorganism at a larger scale and
under proper conditions as well as an effective inactivation with
a subsequent evaluation of vaccine immunogenicity. Although this
kind of vaccines has saved countless lives, it can have unfavorableconsequences as adverse effects, induce the disease or, in some
instances, even death [3–5].
Bioinformatics is a ﬁeld of science in which several disciplines
such as biology, computing, and information technology converge
to organize and store large amounts of biological information dri-
ven by advances generated in genetics, molecular biology, and bio-
technology [6]. One goal of bioinformatics is to streamline and
interpret, effectively and timely, information from the genome,
transcriptome, and/or proteome [7]. This discipline aims to pro-
mote health beneﬁts including the area of vaccines.
The development of bioinformatics tools along with advances in
recombinant DNA technology (rDNA) and the knowledge on the
host immune response and the genetic background of the patho-
gen will lead to new vaccines against diseases that currently have
few or no control measures in just 1 or 2 years through computer
in silico predictions to deﬁne targets [8] see Fig. 1. The vaccines
developed through rDNA technologies are designed to be safer,
more efﬁcacious, and/or less expensive than traditional vaccines.
In order to achieve these aims, a thorough understanding of the
disease agent, particularly, critical epitopes to induce the appropri-
ate immunological reaction is required [9–11].
While the availability of the complete genome sequence per-
mits the identiﬁcation of all potential protein products, this infor-
mation could be not sufﬁcient to allow for the identiﬁcation of the
subset of proteins that are in fact expressed at any stage of the life
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as it can serve as a complementary strategy to the genomic-based
approaches using immunomics techniques to identify and charac-
terize immunogenic proteins. Vaccinomics, which consists on the
characterization of host response to immunization, provides valuable
information on pathogen–host cell interaction to validate candidate
antigens. The information obtained from these disciplines also speeds
the identiﬁcation and characterization of new antigens [12].
Proteomic experiments conducted on bacterial species have not
only been veriﬁed with data obtained from genome sequencing
and bioinformatic analyses but have also lead to the discovery of
new proteins, which could be potential new vaccine candidates
[12–14]. An extensive review focused on the impact of proteomics
on the development of antibacterial and antiviral vaccines was
published by Adamczyk-Poplawska [12].
It is important to note that the standard bioinformatics web
tools presented here, are not enough for detailed analysis of
whole genomes. The immunoinformatics is a discipline whose
main objective is to convert large-scale immunological data, using
computational and mathematical approaches, to understand and
organize these large scale data to obtain immunologically mean-
ingful interpretations [15,16]. The tools in this ﬁeld are based
on statistical and machine learning system and are used for stud-
ies in modeling molecular interactions (such as antigen process-
ing and presentation) and also plays a role in deﬁning new
hypotheses related to understand the immune system mecha-
nisms [17,18].
This review is intended to provide a gateway to some of the
most useful online immunological softwares and searchable dat-
abases for genomes analyses, based in our own experience and a
laborious search in the literature and web databases, providing
an outlook on how these tools have aided on the vaccine develop-
ment ﬁeld particularly on the development of epitope-based
vaccines.
2. Epitope-based vaccines
Epitopes are of particular interest to both clinical and basic bio-
medical researchers as they hold huge potential for vaccine design,
disease prevention, diagnosis, and treatment. Using rDNA technol-
ogies, we can isolate speciﬁc epitopes which can replace the whole
pathogen in a vaccine. However, within the diversity of epitopes in
a pathogen, it is important to notice that not all of the epitopes,Fig. 1. Schematic representation of the workﬂoweven those that seem to be dominant, are equal in their ability to
elicit antibody production [19–21].
Besides producing particular immunogens instead whole patho-
gens, rDNA has allowed for a rational vaccine design comprising the
production of chimeric proteins that opens a wide number of
possibilities for immunogen design; including the conception
of multiepitopic vaccines having advantages such as: several
immunoprotective epitopes are included in a single molecule,
immunodominant but non-protective epitopes are discarded, and
epitopes exerting adjuvant effects such as promiscuous T cell
epitopes can be included to enhance immunogenicity [22]. These
features offer the possibility of designing multitarget, highly
efﬁcient vaccines. However a requisite for the design of such
immunogens consists on the discovery of the immunoprotective
epitopes and the variants when genetic variability is of relevance
for a particular pathogen.
The epitope-driven vaccine is an attractive concept that is
being successfully pursued in a large number of research groups,
especially to the development of vaccines targeting conserved
epitopes in variable or rapidly mutating pathogens [23,24].
The selected epitopes in a vaccine should ideally be conserved
across different stages of the pathogen and its variants. Further-
more it should be taken into consideration the desired immune
response. Cytotoxic T cell-mediated response is elicited by a path-
way comprising intracellular antigen processing with linear epi-
topes as predominant targets [21]. In this regard, the epitopes
selected for a vaccine must have binding afﬁnity with more than
one major histocompatibility complex (MHC) allele and must cover
a major population [25,26].
The proteins that contain many epitopes recognized by the
common MHC alleles are known as promiscuous binders [26].
The human leukocyte antigen (HLA) supertype refers to a set of
HLA alleles with overlapping peptide binding speciﬁcities. The
alleles in the given HLA super type often represent the same epi-
tope, which refers to the region on the surface of an antigen capa-
ble of eliciting an immune response for T cell recognition [25,27].
On the other hand, elicitation of humoral responses relies on
the recognition of linear epitopes and conformational epitopes.
The latter constitute a challenge for chimeric vaccine design as
they must retain their native conformation to be functional [28].
Therefore, knowledge on the whole antigen structure is necessary
to aid on the rational design of vaccines targeting conformational B
cell epitopes [27].to identify epitopes for vaccine development.
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design of epitope-based vaccines. Using these tools, an appropriate
in silico selection of epitopes can be accomplished [29,30].
3. Bioinformatics tools to predic potential T cell
binding-epitopes
The ﬁrst step on applying bioinformatics to vaccine develop-
ment consists on discriminating epitopes that are potentially
immunoprotective from epitopes that are not. Since T-cell epitopes
are bound in a linear form to MHCs, the interface between ligands
and T-cells can be modeled with accuracy [31]. It is currently
well-known that epitopes link together into the binding groove
of MHC Class I and Class II molecules through interactions
between their R group side chains and pockets located on the ﬂoor
of the MHC [32–34]. Based on this knowledge, a large number of
T-cell epitope-mapping algorithms have been established and used
to develop tools to rapidly identify putative T-cell epitopes
[31,35,36].
MHC-I binding predictors are currently very efﬁcient and have
wide allelic coverage, a prediction accuracy in the range of
90–95% positive prediction value has been estimated [29,37,38].
Among the numerous servers for MHC-I alleles is included
RANKPEP, which predicts peptide binders to MHC-I and MHC-II
molecules from protein sequences or sequence alignments using
Position Speciﬁc Scoring Matrices (PSSMs). In addition, it predicts
those MHC-I ligands whose C-terminal end is likely to be the result
of proteasomal cleavage [39]. This is a friendly platform who offers
the most wide allelic coverage to MHC-I and MHC-II alleles (118
and 67 alleles, respectively) for human and mouse. To search
epitopes sequences for MHC-I ligands using PSSMs, a dynamic
algorithm written in Python is used; which scores all protein
segments with the length of the PSSM width and sorts them
accordingly. Scoring starts at the beginning of each sequence and
the PSSM is slid over the sequence one residue at a time until
reaching the end of the sequence. Furthermore, to narrow down
the potential binders from the list of ranked peptides, a binding
threshold is deﬁned as the score value that includes 90% of the
peptides within the PSSM. This binding threshold is built into each
matrix, delineating the range of putative binders among the top
scoring peptides [39].
The IEDB Analysis Resource database uses NetMHCpan as pre-
diction method since 2011. This method generates a quantitativeTable 1
Comprehensive list of T cell epitope prediction servers.
Server name Link
EpiJen http://www.ddg-pharmfac.net/epijen/EpiJen/EpiJen.htm
SYFPEITHI http://www.syfpeithi.de/bin/MHCServer.dll/EpitopePrediction.
ANNPRED http://www.imtech.res.in/raghava/nhlapred/neural.html
BIMAS http://www-bimas.cit.nih.gov/molbio/hla_bind/
ProPred I http://www.imtech.res.in/raghava/propred1/
ProPred http://www.imtech.res.in/raghava/propred/
MHCPred http://www.ddg-pharmfac.net/mhcpred/MHCPred/
MHC2Pred http://www.imtech.res.in/raghava/mhc2pred/
NetMHC http://www.cbs.dtu.dk/services/NetMHC/
PREDEP http://margalit.huji.ac.il/Teppred/mhc-bind/index.html
RANKPEP http://bio.dfci.harvard.edu/RANKPEP/
SVMHC http://abi.inf.uni-tuebingen.de/Services/SVMHC
IEDB binding http://tools.immuneepitope.org/analyze/html/mhc_processing
EpiVax http://www.epivax.com/
MMBPred http://www.imtech.res.in/raghava/mmbpred/
NetCTL http://www.cbs.dtu.dk/services/NetCTL
nHLAPred http://www.imtech.res.in/raghava/nhlapred/
KISS http://cbio.ensmp.fr/kiss/
SVRMHC http://svrmhc.biolead.org/
IMTECH http://www.imtech.res.in/raghava/mhcprediction of the afﬁnity of any peptide-MHC class I interaction,
covering HLA-A and HLA-B for humans as well as chimpanzee,
macaque, gorilla, cow, pig and mouse. This constitutes one of the
few databases that include this variety of organisms [37].
nHLAPred is another comprehensive tool for the prediction of
MHCI binding peptides for 67 MHC alleles. The prediction of alleles
is based on Artiﬁcial Neural Networks (ANNs) and quantitative
matrices (QM). The predicted MHC binders are ﬁltered to potential
CTL epitopes by using proteasomal matrices. Although this server
offers two options (Compred and ANNPred), the most wide-rang-
ing is Compred; based on the hybrid approach of artiﬁcial neural
networks and quantitative matrices [40].
NetMHC server predicts binding of peptides to a number of dif-
ferent HLA alleles using ANNs. ANNs have been trained for 78 dif-
ferent human MHC (HLA) alleles representing all 12 HLA-A and -B
Supertypes. Furthermore predictions for 41 animals like monkey,
cattle, pig, and mouse alleles are available [38].
Kernel-based Inter-allele peptide binding prediction SyStem
(KISS)predictswhether9-merpeptideswill bindanMHC-Imolecule
for 64alleles using a support vectormachine (SVM)multitaskKernel
to leverage the available training information across the alleles,
which improves its accuracy especially for the alleles with few
knownepitopes. Thepredictor is trainedondatabaseswhichcontain
knownepitopes fromSYFPEITHI,MHCBN, LANL, and IEDBdatabases.
Although there are other servers available to identify MHC-I
binding predictors, the servers described above are the most com-
plete in terms of allelic coverage and the identiﬁcation of alleles in
other organism besides human, however a more detailed list of
MHC-I binding predictors available on-line is presented in Table 1.
TAP is a transporter associated with the MHC class I restricted
antigen processing. TAP is heterodimeric transporter that belongs
to the family of ABC transporters and uses the energy provided
by ATP hydrolysis to translocate the peptides across the endoplas-
mic reticulummembrane. The transporter is composed of two pro-
teins named TAP-1 and TAP-2. The subset of this transported
peptide will bind MHC class I molecules. These MHC-peptide com-
plexes are translocated on the surface of antigen presenting cells
(APCs), with a subsequent potential of mounting T cell immune
responses [41–43]. The TAP binding prediction softwares available
include TAPPred, EpiJen, and WAPP (Table 2). TAPPred is an on-line
tool to predict binding afﬁnity of peptides toward the TAP
transporter. The prediction of TAP binding peptides is crucial in
identifying the MHC-I restricted T cell epitopes. The prediction isPredictive server for Predictive method
MHC I MHC II
24 Multi-step algorithm
htm 42 7 Published motifs
30 ANN-regression
41 Published coefﬁcient tables
47 Quantitative matrix
51 Quantitative matrix
14 11 Additive method
42 SVM-based method
57 ANN based method
13 Published coefﬁcient tables
118 62 PSSM
33 51 SVM-based method
.html 77 ANN and SMM method
6 8 Epimatrix algorithm
46 Quantitative matrix
12 ANN-regression
67 Artiﬁcial Neural Networks
64 SVM based method
36 6 SVM-basedmethod
3 Quantitative matrix
Table 2
Predictive server for TAP binding epitopes and CTL.
Server name Link Description Predictive method
EpiJen http://www.ddg-pharmfac.net/epijen/EpiJen/EpiJen.htm Predictive server for TAP binding epitopes Multi-step algorithm
TAP Pred http://www.imtech.res.in/raghava/tappred/ Predictive server for TAP binding epitopes SVM method
WAPP http://abi.inf.uni-tuebingen.de/Services/WAPP/information Predictive server for TAP binding epitopes SVM method
CTLPred http://www.imtech.res.in/raghava/ctlpred/ Predictive server for CTL SVM and ANN method
NetCTLPan http://www.cbs.dtu.dk/services/NetCTLpan/ Predictive server for CTL Multi-step algorithm
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acids [44,45]. EpiJen server offers not only a TAP binding prediction
but also a proteasome cut off. EpiJen uses an additive method
which assumes that each substituent makes an additive and inde-
pendent contribution to the biological activity. Their additive
method considers the interactions between speciﬁc amino acids
and the binding site [46].
The Whole Antigen Processing Pathway (WAPP) server includes
tools for predicting proteosomal cleavage, TAP transport, and
MHC-peptide binding. This server offers an integrated prediction
for these three aspects. Prediction of proteasomal cleavage is based
on experiments performed on the Enolase and Prion proteins.
Sequences around experimental cleavage sites are used to con-
struct a weight matrix, while a regression form of SVMs is used
for prediction of TAP afﬁnity [47]. Predictions of the MHC class I
pathway can be improved by predictions of proteasomal cleavage,
TAP transport efﬁciency, and MHC class I binding afﬁnity [48,49].
Nevertheless while good performance has been achieved for
MHC class I predictions, there is still limited success in predicting
MHC-II-binding epitopes [50,51]. The low prediction accuracy of
MHC-II binding epitopes is due to several factors including the
insufﬁcient or low-quality training data, difﬁculty on identifying
9-mer binding cores within longer peptides used for training and
lack of consideration of the inﬂuence of ﬂanking residues, and
the relative permissiveness of the binding groove of MHC-II mole-
cules which limits the binding stringency [29,50].
ProPred1 is a server that predicts MHC Class-II binding regions
in an antigen sequence using quantitative matrices. The server will
assist in locating promiscuous binding regions that are useful in
selecting vaccine candidates covering 51 alleles [52]. The SVMHC
server enables prediction of both MHC class I and MHC class II
binding peptides, however the most widely coverage is for
MHC-II (51 alleles). The graphical output displayed in this software
also allows for simple identiﬁcation of promiscuous epitopes.
SVMHC uses the matrices developed by the TEPITOPE software [47].
The MHC2Pred is a SVM based method for prediction of
promiscuous MHC class II binder. The average accuracy of SVM
based method for 42 alleles is 80%. The performance of the
method was poorer for few alleles due to a smaller size of dataset.Table 3
Comprehensive list of B cell epitope prediction servers.
Server name Link
Bcepred http://www.imtech.res.in/raghava/bcepred/
BepiPred http://www.cbs.dtu.dk/services/BepiPred/
ABCPred http://www.imtech.res.in/raghava/abcpred/
BEST http://biomine.ece.ualberta.ca/BEST/
EPCES http://sysbio.unl.edu/services/EPCES/
Discotope http://www.cbs.dtu.dk/services/DiscoTope/
BEPro (PEPITO) http://pepito.proteomics.ics.uci.edu/
SEPPA http://lifecenter.sgst.cn/seppa/index.php
EpiSearch http://curie.utmb.edu/episearch.html
MimoPro http://informatics.nenu.edu.cn/MimoPro
MIMOX http://immunet.cn/mimox/
Pep-3D-Search http://kyc.nenu.edu.cn/Pep3DSearch
Epitopia http://epitopia.tau.ac.il/
PepSurf http://pepitope.tau.ac.il
ElliPro http://tools.immuneepitope.org/tools/ElliPro/iedb_in
SVM: support vector machine. ANN: artiﬁcial neural networks. PSSM: position-speciﬁc scThis server will be useful in cellular immunology, vaccine design,
immunodiagnostics, immunotherapeutics, and molecular under-
standing of autoimmune susceptibility [52]. These last three servers
along with RANKPEP described above, are the most complete serv-
ers with the broadest allelic coverage to predict epitopes binding to
MHC-II and it also has a friendly interface. Other resources to pre-
dict MHC Class-II binding epitopes are described in Table 1.
There is another direct method for prediction of CTL epitopes,
which are crucial in subunit vaccine design; examples of these
servers are CTLPred and NetCTLPan. CTLPred uses the T cell epitope
patterns instead of MHC binders. The method is based on tech-
niques such as ANNs and SVM. The methods also allow the consen-
sus and combined prediction based on these two approaches [53].
NetCTLpan server predicts CTL epitopes in protein sequences
and use artiﬁcial neural networks. The method has been updated
to include the newest MHC allele releases from the IMGT/HLA
and IPD-MHC databases (for non-human primates and pig). Predic-
tions in this software can be made for 8-11mer peptides, since
most HLA molecules have a strong preference for binding 9mers
[Table 2 and 48].
The epitope discovery tools described above can be readily
applied to most pathogens, although certain approaches are more
suitable than others depending on their characteristics and limita-
tions. However, one should keep in mind that this prediction is an
indicator of potential function but is not a criterion for function
assignment. Consequently these kind of in silico analyses should
be combined with other pieces of evidence, including experimental
data, to assign function.4. Bioinformatics tools for predicting potential B cell binding-
epitopes
B cell epitopes are recognized by B cell receptors or antibodies
in their native structure. Continuous B cell epitope prediction is
very similar to T cell epitope prediction, which has mainly been
based on the amino acid properties such as hydrophilicity, charge,
exposed surface area and secondary structure. Discontinuous B cell
epitope prediction requires 3D structure of the antigen [54–56].Type
Prediction of continuous B-cell epitopes
Prediction of continuous B-cell epitopes
Prediction of continuous B-cell epitopes
Prediction of continuous B-cell epitopes
Prediction of discontinuous B-cell epitopes
Prediction of discontinuous B-cell epitopes
Prediction of discontinuous B-cell epitopes
Prediction of discontinuous B-cell epitopes
Prediction of discontinuous B-cell epitopes
Prediction of discontinuous B-cell epitopes
Prediction of discontinuous B-cell epitopes
Prediction of discontinuous B-cell epitopes
Prediction of continuous and discontinuous B-cell epitopes
Prediction of continuous and discontinuous B-cell epitopes
put Prediction of continuous and discontinuous B-cell epitopes
oring matrix.
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uous B-cell epitopes are available on the Web (Table 3).
To predict linear B-cell epitopes, the Bcepred tool is based on
physicochemical properties such as hydrophilicity, ﬂexibility,
polarity, and exposed surface on a non-redundant dataset. The
dataset consists of 1029 B-cell epitopes obtained from Bcipep data-
base and an equal number of non-epitopes obtained randomly
from Swiss-Prot database. The prediction accuracy for models
based on these properties varies from 52.92% to 57.53% [57]. The
ABCpred server, which is based on neural networks, has an esti-
mated accuracy of 65.93% [54]. Another server called BepiPred pre-
dicts the location of linear B-cell epitopes using a combination of a
hidden Markov model and a propensity scale method [58]. The
servers mentioned above are easy to use and properly organized.
Among the tools used to predict discontinuous B cell epitopes
we can mention DiscoTope, which uses the three dimensional
structure of proteins to determinate the surface accessibility and
a novel epitope propensity amino acid score. The ﬁnal scores are
calculated by combining the propensity scores of residues in spa-
tial proximity and the contact numbers. This server also predicts
epitopes in complexes of multiple chains [59]. This tool along with
BEpro (formerly known as PEPITO) and SEPPA (Spatial Epitope Pre-
diction of Protein Antigens) requires a 3-D structure as input, spe-
ciﬁcally, in PDB format [60]. Using SEPPA, each residue in the query
protein will be given a score according to information from its
neighborhood residues. The higher score corresponds to the higher
probability of the residue to be involved in an epitope [61].
One of the most complete tools in this ﬁeld is ElliPro. This server
predicts linear and discontinuous epitopes based on a protein anti-
gen’s 3-D structure. ElliPro associates each predicted epitope with
a score, deﬁned as a PI (Protrusion Index) value. Compared with
databases mentioned earlier, in ElliPro the input is a protein
sequence. A 3-D structure will be predicted for the input protein
sequence by homology modeling based on user-selected structural
template. Afterwards, linear and discontinuous epitopes will be
computed based on the predicted protein structure. Some other
bioinformatics tools to predict continuous and discontinuous B cell
epitopes are included in Table 3.
All of these integrative tools represent an opportunity for the
development of new vaccines in special those that aim at the elic-
itation of humoral responses.5. Bioinformatics strategies for emergent peptide-based
vaccines against hypervariable viruses
Historically, most of the known successful vaccines have been
developed empirically. However the emergence of highly sophisti-
cated viruses, such as HIV and inﬂuenza characterized by having a
high degree of genetic and antigenic diversity, has impeded the
development of effective, broad-coverage vaccines using tradi-
tional methods. The rapid emergence of these viral pathogens
underscores the need for improved and accelerated processes to
develop and produce vaccines, a need that can be addressed by
the methods described above allowing a rapid, in silico-based
approach to formulate vaccine candidates.
This section brieﬂy discusses some approaches developed for
the case of the human immunodeﬁciency (HIV) and inﬂuenza
viruses as examples on how successful candidate vaccine design
can be achieved in the case of hypervariable viruses using bioinfor-
matic tools.5.1. HIV
Considering its pandemic importance worldwide, successful
anti-HIV vaccine is an immediate need. This developmentconstitutes a major challenge for researchers as HIV defeats
immune system intended to neutralize it. In addition, genetic
material can remain in dormant form and thus escapes the
immune system [62]. Although antiretroviral drugs can control
HIV/AIDS progression in many patients, they only succeed in
reducing viral loads without completely eliminating the virus
[63]. Therefore, the development of an effective HIV-1 vaccine rep-
resents the optimal solution for the control of the pandemic HIV.
One advanced proof of concept has been accomplished by the
group of Diaz-Mitoma and coworkers [64] whom developed the
Variosite-based HIV-1 vaccine. This candidate vaccine comprised
a pool of 176 peptides representing ﬁve hypervariable epitopes
of gp120 envelope and two variable epitopes of gag. The potency
and coverage of this polyvalent vaccine was tested against a panel
of heterologous HIV-1 subtypes in a non-human primate model.
Speciﬁc CD8+ T-cell immune responses against HIV-1 subtypes
A–F were detected, which is remarkable as HIV-1 sequences within
a subtype differ by up to 20%, and between subtypes by up to 35%.
Binding antibody titer and neutralizing activity were also charac-
terized in the immunized animals, observing a substantial level
of IgG antibody titer to variant gp120 proteins in all animals. In
addition three out of six immunized macaques developed neutral-
ization activity against two primary HIV-1 [64].
On the other hand, Huang et al. [65] reported one method for
the prediction of conformational B-cell epitopes. In order to deﬁne
whether or not certain regions in speciﬁc peptides may constitute
B-cell epitopes, phage-displayed random peptide libraries were
applied as a powerful tool in identifying mimotopes; which are
selected by binding to a given monoclonal antibody (mAb) in a
similar pattern to the native epitope. These mimotopes can be con-
sidered as functional epitope mimics. This kind of methods can
predict not only linear but also conformational epitopes and thus
this approach represent an important strategy in the ﬁeld. This
method is designated as Pep-3D-Search, it relies on the 3-D struc-
ture of a speciﬁc antigen and a set of mimotopes (or a motif
sequence derived from the set of mimotopes), and can be used in
two modalities: mimotope or motif. In order to evaluate the capac-
ity to predict epitopes from a set of mimotopes, 10 epitopes
deﬁned by crystallography were compared with the predicted
results from a Pep-3D-Search. Compared with other available pre-
diction algorithms Pep-3D-Search showed comparable Matthews
correlation coefﬁcient (MCC), speciﬁcity and precision, and could
provide novel, rational results. On the other hand, authors veriﬁed
the capability of Pep-3D-Search to align a motif sequence to a 3-D
structure in order to predict epitopes. Six test cases were analyzed
including three HIV proteins, demonstrating a superior perfor-
mance to other similar programs. In addition, the program is capa-
ble of quickly localize the epitope regions mimicked by longer
isotopes. Although this promising tool provides a powerful
approach to localize the surface region mimicked by the mimo-
topes, it is necessary to evaluate the immunoprotective capacity
of these identiﬁed epitopes.
In the context of atomic-level structure of the antibody-antigen
complex, structure determination in many cases may be impracti-
cal. Recently Georgiev and colleagues [66] describe an efﬁcient
computational method to predict antibody-speciﬁc HIV-1 envelope
(Env) epitopes at the residue level. This method consists on assess-
ing neutralization potency data over a set of diverse viral strains
representing the antigen; enhanced accuracy could be achieved
by incorporating information from the unbound structure of the
antigen. In particular, 19 HIV-1 Env antibodies were evaluated in
neutralization panels comprising 181 diverse viral strains and
available antibody-antigen complex structures were considered
in the analyses. The prediction efﬁciency was 8-fold higher than
a random prediction. In addition when used to prospectively pre-
dict epitope residues for two HIV-1 antibodies, 8ANC131 and
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idated experimentally. This procedure is inherently applicable to
antigens that exhibit sequence diversity, displaying an accuracy
that correlates inversely with epitope sequence conservation.
These insights show how data derived from a neutralization panel
and unbound antigen structure can be utilized for residue-level
prediction of antibody epitopes, representing an important
approach to generate efﬁcacious vaccines against hypervariable
pathogens [66].
Table 4 concentrates a representative view of those efforts
based on reverse vaccinology approaches and reﬂects the feasibil-
ity to overcome the aforementioned obstacles under this focus.
Therefore bioinformatic tools offer a powerful resource that lead
to prediction of vaccine targets. Additional cases are provided in
Table 4.
5.2. Inﬂuenza
Inﬂuenza is a highly contagious, airborne respiratory tract
infection associated with a signiﬁcant disease burden. New inﬂu-
enza subtypes periodically emerge to which no immunity exists
in the human population and thus these may cause global pandem-
ics. Outbreaks of new inﬂuenza subtypes exemplify how this path-
ogen can evolve pandemic [67]. The search for an effective
universal broad-coverage inﬂuenza vaccine is one discouraging
task because of the rapidly mutation rate, the variable and diver-
gent characteristics of the virus, along with extremely long proto-
cols for vaccine development [68].
Some studies have demonstrated that using immuno-bioinfor-
matics predictor allows for a faster and global screening of epi-
topes to design candidate vaccines (see Table 5). In 2007, Wang
et al. [69] identiﬁed ten novel inﬂuenza epitopes and conﬁrmed
three previously known restricted to cytotoxic T cell (CTL) by the
use of the SYFPEITHI software. These epitopes are conserved inTable 4
Potential candidate peptide-based vaccines against HIV designed with the aid of bioinform
Database/resource HIV proteins analized Prediction output
Propred1, IEDB
consensus method,
MODPROPEP
Gag, Nef, gp120, gp41, p31-integrase,
p51RT, protease, rev, tat, vif, vpr, and
vpu
Prediction of potential
binding (HLA-B⁄27:05)
epitopes
SYFPEITHI, BIMAS,
Immunepitope
Gag, pol Prediction of the crypti
epitopes of gag and pol
BIMAS Env, gag, nef, pol, rev, tat, vif, vpr, vpu Prediction of MHC epito
binders
Conservatrix,
EpiMatrix
Env, gag, pol,rev, tat, vif, vpr, vpu Prediction of epitopes
conserved across HIV-1
Epi-Assembler,
VaccineCAD,
EpiMatrix EpiVax
Env, gag, pol, vpr, vif, tat, vpu, nef Prediction of highly
immunogenic conserve
HLA-class II restricted
epitopes
EpiMatrix Env, gag, pol, vpr, vif, tat, vpu, nef Prediction of broadly
conserved T cell epitop
Conservatrix,
Epimatrix,
Env, pol, gag, vif, nef, tat, vpr Prediction of CTL epitop
Variosite gp120 and gp41 Prediction of B cell
neutralizing epitopes
Pep-3D gp120, p24 and nef Prediction of B cell
neutralizing epitopes a
mimotope design
Unnamed method Envelope (Env) epitopes Prediction of B cell
neutralizing epitopesdifferent isolates of the highly pathogenic H5N1 inﬂuenza virus
and all of these are also present in the emerging bird ﬂu isolates.
The immunogenicity of the predicted peptides was evaluated by
ELISPOT assay. These epitopes could be used to detect inﬂuenza
speciﬁc CTL responses in patients. In addition their results would
have important implications for the rational design of vaccines,
using individual epitopes or epitopes fused as polytopes, applicable
to all ethnic groups.
In a similar approach, Cheung et al. [70] targeted the inﬂuenza A
virus (H5N1 strain) using the SYFPEITHI software achieving the
identiﬁcation of nine potential immunogenic peptides. In vitro
assays were conducted to determine the immunogenic potential
of these peptides. Their ﬁndings highlight a promising potential
for epitopes AMDSNTLEL and QGRGVFEL. This novel cytotoxic
T-cell epitopes constitute relevant information for the development
of a human H5N1 vaccine.
On the other hand, using EpiMatrix (a T-cell epitope prediction
and comparison tool), De Groot et al. [30] compared the sequences
of the three hemagglutinin (HA) and neuraminidase (NA) proteins
of inﬂuenza A virus. In silico analysis revealed sixteen promiscuous
helper T-cell epitopes contained in the HA sequence, nine of which
were 100% conserved in the 2008–2009 inﬂuenza vaccine strain. In
a subsequent study conducted by the same group, a biological
study was performed with the selected epitopes using peripheral
blood mononuclear cell from human donors. IFN-c ELISPOT and
CD4+ T cell stimulation assays allowed to evaluate primary and
post-boost T cell responses, observing a correlation between the
in silico predictions with the observed responses with an 80–90%
accurate prediction for CD4+ T cell epitopes. These ﬁndings reﬂect
the robustness of this computational tool [71], with implications
on the formulation of new vaccines against hypervariable patho-
gens. Table 5 shows other bioinformatic-based approaches applied
in the development of new inﬂuenza vaccines, which taken
together demonstrate that potential epitopes can be identiﬁedatic tools.
Outcome Immunological assay validation Refs.
MHC
HIV
Fourteen peptides were
identiﬁed to interact strongly
with HLA-B⁄27:05
None [107]
c HIV Six afﬁnity cryptic HIV epitopes
presented by HLA-A⁄0201
ELISA, splenocyte proliferation
assays, cytotoxic assays
[108]
pe Select 30 epitope with 92% of
coverage of all alleles
None [109]
clades
Fifteen epitopes stimulated
gamma-interferon release
ELISpot assays [110]
d
The 50% of the HIV epitopes
tested induces speciﬁc immune
tesponses in mice
Murine immunization studies
and ELISpot assays
[111]
es
The 45% of epitopes tested
stimulated gamma-interferon
release
ELISpot assays [112]
es Twenty-seven HLA-A3 epitopes
are conserved across time, clades
and geography
ELISA and ELISpot assays [113]
Six macaques developed
neutralization activity against
two primary HIV-1
Proliferation assays, ELISPOT
assays, intracellular cytokine
staining, ELISA, neutralization
assays
[64]
nd
Quickly localize the epitope
regions mimicked by longer
isotopes
No speciﬁed [65]
Neutralization-based method in
combination with structural
information allow an accurate
prediction of B cell epitopes
ELISA [66]
Table 5
Potential candidate peptide-based vaccines against inﬂuenza designed with the aid of bioinformatic tools.
Database/resource Prediction output Outcome Immunological assay validation Refs.
SYFPEITHI Prediction of new immunogenic
HLA class I restricted cytotoxic T
cell epitopes
Eighty-nine peptides were conﬁrmed as
HLA-I binders, and 13 were conﬁrmed as
CTL targets
HLA class I binding assay, IFN-c
ELISPOT assay,
[69]
NetCTL Prediction of HLA-restricted
binding epitopes
Fifty ﬁve conserved sequences were
predicted to have immune relevance as
T-cell epitopes
HLA binding assay, T-cell assay,
ELISPOT assay
[114]
EpiMatrix Prediction of CD4(+) T-cell
epitopes
Sixteen T-cell epitopes were 100%
conserved in the 2008-2009 inﬂuenza
strain. The pre-existing CD4(+) T cells can
elicit cross-reactive effector responses
against inﬂuenza
CD4+ T cell culture assay, IFN-c
ELISPOT assay, CD4+ T cell
stimulation assay, intracellular
cytokine staining
[30,68]
SYFPEITHI Prediction of HLA binding
peptides
Two novel HLA-A⁄0201 restricted
epitopes
T2-cell binding assay,
citotoxiticy assay, ELISpot assay
[70]
NetCTL Prediction HLA-I restricted
cytotoxic T cell epitopes
One hundred and thirty one peptides have
afﬁnities for the HLA-I supertypes and
only 21 were found to induce T cell
responses
IFN-c ELISPOT assay,
biochemical assay
[71]
BIMAS, SYFPEITHI, NetCTL, Prediction of immunogenic
HLA-A24 restricted CTL epitopes
Of 35 CTL predicted peptides, six peptides
exhibited remarkable cytotoxic activity
in vivo
Mice were subcutaneously
vaccinated with the selected
epitopes and they survived
lethal inﬂuenza virus challenge
[115]
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conducting experimental evaluations.6. Perspectives
Bioinformatics tools have enabled the capability of selecting
potential epitopes without running the risks involved in cultivating
the pathogen of interest. This kind of methodology represents a
huge advantage over conventional vaccinology techniques, includ-
ing faster outputs and lower costs. The application of ‘omics’ tech-
nologies to this ﬁeld has also revolutionized the way in which
potential vaccine candidates can be identiﬁed. Proteomics and
transcriptomics have been used as complementary approaches to
genomics and are often more useful in identifying surface proteins
during host–pathogen interaction.
Despite that numerous epitope prediction methods are avail-
able, developing a systematic assessment of different methods on
standard benchmark datasets is still a need. Launching a Critical
Assesment of Techniques for Epitope Prediction will indeed beneﬁt
the ﬁeld. It has been proposed that computational methods will be
used to performed blinded de novo epitope prediction from query
proteins previously screened experimentally [72,73]. Comparison
of different methods is yet a complex task due to many aspects
including the following: (i) inadequate documentation of datasets
and prediction methods, (ii) unavailability of the benchmark data-
set used to evaluate the methods, (iii) unavailability of the code
that implements the method, (iv) the lack of a uniﬁed output for-
mat, which complicates the process of combining the results of
several servers in order to obtain consensus predictions [74,75].
Therefore it is necessary to develop standardized data representa-
tions; this will enable the evaluation of different prediction meth-
ods on a standardized benchmark datasets in order to compare the
methods and develop meta-servers combining the predictions of
multiple prediction tools [55].
For example, Epitopes Toolkit (EpiT) is a platform design to
develop epitope prediction methods. This allows other researchers
to use the developed predictor on their own machines, rebuild the
predictor on other datasets, or combine predictor with other
predictors in order to obtain a customized hybrid or consensus
predictor. EpiT comprises two components: (a) model builder, an
application for building and evaluating epitope predictors andserializing these models in a binary format; (b) predictor, an appli-
cation for applying a model to test data. Although EpiT was
designed for developing epitope prediction tools, some of EpiT
components can be used in different sequence classiﬁcation tasks.
Moreover, some data pre-processors in EpiT can be applied to a
subcellular localization, and other protein sequence classiﬁcations
[74–76]. This platform is implemented in Java and can be freely
downloaded from the project web site at http://ailab.cs.
iastate.edu/epit. The web site also offers a rich resource for the
developers of epitope prediction tools and for EpiT users. The useful
resources include: Epit documentation, an expanding Repository of
Epitope Predictors and a Repositore of Epitope Datasets [74].
Other limitation is related to training an epitope predictor using
a dataset, in which some epitope residues are incorrectly labeled as
non-epitope residues and thus performance of the predictors on
such dataset tend to exaggerate the number of false positives.
Many authors [77–80] have attempted to improve this limitation
by using non-epitope residues extracted form random sample of
the protein sequences in SwissProt [81].
In addition, the comparative analyses are indispensable in order
to improve the limitations of different epitope prediction methods,
speeding up the development of enhanced methods. The critical
assessment for epitope prediction methods has been demonstrated
to be appropriate in other areas [82]. The use of large, non-redun-
dant, and experimentally well-characterized datasets can help to
increase the accuracy of the cross-validation-based estimates of
the performance of epitope predictors.
All the bioinformatics tools described above provide a compre-
hensive list of epitopes to design a candidate vaccine. How to
decide which of this large number of epitopes candidates are
selected for clinical trials still remains a challenge. Although geno-
mic based-approaches have tremendously accelerated the identiﬁ-
cation of vaccine targets, vaccinologists still have to go through the
tedious and slow process of validation.
Thus the novel candidate epitope-based vaccines identiﬁed
using these tools have to be subjected to the existing standard con-
ﬁrmatory in vivo studies (e.g. animal protection experiments) as
one would do for vaccine antigens identiﬁed using conventional
methods.
Different databases are available for predicting T- and B-cell
epitopes. However, among the tools for predicting B cell epitopes,
further developments are still needed since an ideal tool should
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istic prediction of antigenic epitopes that are preferentially recog-
nized critically depends of the protein composition. The majority of
available epitope prediction methods are based upon the amino
acid properties including hydrophilicity [85,86], solvent accessibil-
ity [84], secondary structure [87], ﬂexibility [88] and antigenicity
[83]. In 2005, Blythe and Flower demonstrated that, using single-
scale amino acid propensity proﬁles is not enough to predict epi-
tope location reliably, whereas in 2007, Greenbaum et al. showed
that, using a combination of more than one amino acid propensity
scale and a machine learning algorithms could improve prediction
accuracy. The implication of such for studies obviously has immu-
nological implications in epitope prediction [55,89].
Underperformance of in silico epitope prediction can be identi-
ﬁed in a number of reports. As an example, Blythe and Flower
examined the correlation between the predictor B-cell epitopes
and the epitope location from 50 proteins for polyclonal responses.
They found that the single-scale amino acid propensity proﬁles
cannot be used to predict epitope location reliably as no correla-
tion exists between sequence proﬁle generated and the location
of known linear epitopes. The appropriate combination of several
algorithms, and critical evaluation of the information generated,
are essential for the successful selection of antigenic epitopes.
Therefore vaccinologists should be aware on the fact that outputs
are highly dependent on the criteria used for tool selection. This
fact highlights the complexicity of the task and motivates the
development of more sophisticated and speciﬁc tools to improve
performance [55].
In a report fromWang et al. MHC-II prediction tools did not per-
form as well as noted for class I predictions, which can be due to
the fact that MHC class II requires a highly speciﬁc match. The pre-
diction ability was initially assessed using 9-mer peptide cores
revealed in crystal structures. From the eight algorithms assessed,
a poor performance was observed except for PROPRED and SYFPEI-
THI, which reﬂect the difﬁculty to identify the correct binding core.
In order to improve these limitations, a consensus prediction tool
was develop by combining these two class II binding prediction
methods, observing an improved performance when compared to
individual outputs as 10 of the 14 candidates bound MHCII [90].
One interesting example has been published by Resende et al.
who reported the evaluation of the performance of ﬁve algorithms
for epitope prediction (NetCTL, NetMHC, BepiPred and AAP12) and
three algorithms for subcellular localization prediction having as
target trypanosomatid genomes. The comparison between algo-
rithms was made in the basis of AUC (area under a ROC curve) val-
ues, which represent the probability that a randomly selected
positive epitope will score higher than a randomly selected nega-
tive epitope. AUC data indicated that only a little difference among
the NetCTL and Net MHC (0.66 and 0.60 respectively) perfor-
mances exists. Considering that MHC-I prediction methods have
achieved AUC values in the range 0.95–0.99, NetCTL and Net
MHC were determined as low performance approaches. On the
other hand, the evaluation of AUC values for B-cell epitopes algo-
rithms (BepiPred and AAP12) revealed inferior performances than
those observed for previous algorithms [91,92].
Therefore one can state that distinct prediction models vary in
performance and thus a set of tools should be assessed for a spe-
ciﬁc target organism. It is then expected that this combinatorial
prediction approach will provide solid advancements in the vac-
cine development ﬁeld.
Once the selection of the target epitopes has been accom-
plished, designing vaccine formulation may be based in synthetic
peptide mixtures that may include adjuvant sequences such as
Th epitopes to enhance immunogenicity [for review see 93]. How-
ever synthetic peptides are costly for clinical applications. An
attractive alternative consists on designing recombinant proteinsbearing the set of target epitopes [94]. Additional sequences that
play an important role in the chimeric protein are linkers, acting
as spacers that facilitate folding to achieve a proper epitope dis-
play, and adjuvant sequences. Excellent reviews on vaccine chime-
ric protein designs were published by Thomas and Luxon [95] and
Cozzi et al. [96].
Our group have produced and evaluated multiepitopic proteins
as vaccines candidates against infectious diseases. Immunogenicity
of these candidates in a mouse model has showed to be promising
as humoral responses against the distinct targets were induced
[97–99]. These designs comprised epitopes that were mainly
described by traditional immunogenicity trials such as epitope
mapping and serologic and functional assays. It is envisioned that
the bioinformatic tools summarized in this review may lead to
innovative chimeric designs against these pathogens.
Speciﬁc cases where these technologies would also provide cru-
cial strides within the biomedical ﬁeld include HIV/AIDS and inﬂu-
enza. Despite the global HIV/AIDS epidemics, the search for one
effective vaccine was elusive after decades of focused research.
However new hopes were generated from the RV144 Thai trial,
where a modest protective potential was identiﬁed [100]. Epitopes
associated with the observed immunoprotection are being identi-
ﬁed and it is expected that further vaccine developments based
in those epitopes would provide new promising candidates [101].
The development of vaccines consisting of protective selected epi-
topes is the ideal approach and thus represents a ﬁeld of opportu-
nity for the ﬁght against HIV/AIDS.
In the case of inﬂuenza although protective vaccines are avail-
able, these cover certain variants with the risk of failing on protect-
ing against new variants and thus new vaccines should be
periodically generated to ﬁght emerging variants. A universal vac-
cine is the ideal approach to provide broad-spectrum immunity
against multiple strains. Among the candidates investigated thus
far, the highly conserved ectodomain of the M2 protein of inﬂu-
enza A viruses and a stalk domain can be mentioned [102]. T cell
epitope-based vaccines using nucleoprotein and M1 protein have
also been tested. Multiepitopic designs comprising these promis-
ing epitopes augur new potential inﬂuenza vaccine as model for
a universal intervention against this relevant hypervariable patho-
gen [103,104].
In conclusion, the extensive research accomplished on develop-
ing tools useful on vaccine rational design are considerable but fur-
ther improvements on in silico analysis along with experimental
evaluations will be critical to advance in the vaccine development
ﬁeld to eventually introduce to the market new vaccines derived
from these technologies, especially for highly variable viral patho-
gens [105,106].
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